Dissimilarity measurement plays a crucial role in contentbased image retrieval. In this paper, 16 core dissimilarity measures are introduced and evaluated. We carry out a systematic performance comparison on three image collections, Corel, Getty and Trecvid2003, with 7 different feature spaces. Two search scenarios are considered: single image queries based on the Vector Space Model, and multi-image queries based on k-Nearest Neighbours search. A number of observations are drawn, which will lay a foundation for developing more effective image search technologies.
INTRODUCTION
Content-based Image Retrieval (CBIR) provides users with a way to browse or retrieve images from large image collections based on visual similarity. Visual feature extraction and dissimilarity measures are the key issues for any CBIR system. The combination of these two attributes determines the overall effectiveness of the system. Therefore, given the visual features generated in a CBIR system, it is crucial to choose the most appropriate dissimilarity measure to achieve the best possible mean average precision.
There have been some attempts to theoretically summarise existing dissimilarity measures [1] and to evaluate dissimilarity measures for texture [2] and shape based image search [3] . Our own previous work [4] gives a description of 14 dissimilarity measures on six feature spaces, but only single-image queries are conducted on one image collection (Corel) .
In this paper, we conduct a systematic investigation on this issue, with a view to generalize our previous preliminary work over three collections under two different retrieval scenarios. Firstly, based on [4] we introduce and categorize 16 typical dissimilarity measures theoretically. Then, experiments are carried out on three image collections, with
This work was funded in part by the European Union Sixth Framework Programme (FP6) through the integrated project Pharos (IST-2006-045035). seven different typical feature spaces, using both single image queries and multi-image queries. Our empirical evaluation provides evidence and insights on which dissimilarity measure works well on which feature spaces.
DISSIMILARITY MEASURES
Dissimilarity measures are classified into three categories according to their theoretical origins. Details can be found in [4] .
Geometric Measures treat objects as vectors. Let v and w be two vectors in a n-dimensional real vector space, i.e. v, w ∈ R n . The distance between v and w can be measured by the following functions:
where | · | is the Euclidean norm
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Remarks: The Minkowski distance is a general form of a series of distance measures, such as Euclidean (p=2), City Block (p=1), Chebyshev (p = ∞) and fractional distances (i.e., 0 < p < 1) [6] . In this paper we studied fractional distances with three different parameters p = 0.25, 0.5, 0.75. Note that the fractional distances are not metric because they violate the triangle inequality. Furthermore, the Squared Chord distance is only defined for non-negative components.
Information Theoretic Measures are derivatived from Shannon's entropy theory and treat objects as probabilistic distributions, i.e., v i ≥ 0, Σv i = 1.
Jeffrey Divergence:
Statistic Measures compare two objects in a distributed manner, and basically assume that the vector elements are samples.
, where
Pearson's Correlation Coefficient: 1 − |p|,
Cramer/von Mises Type:
2 , where F v (i) and F w (i) are the probability distribution functions of the object vectors [9] .
VISUAL FEATURES
We applied seven typical image features including HSV, margRGB-H, margRGB-M for color; Gabor, Tammura for texture; konvolution for structure and thumbnail.
Colour: HSV is a three-dimensional joint colour histogram in the cylindrical colour space. MargRGB-H creates a onedimensional histogram for each component individually. MargRGB-M records the first four central moments of each colour channel distribution.
Texture: Gabor is a texture feature generated using Gabor wavelets. Here, we decompose each image into two scales and four directions. Tamura is a three-dimensional texture feature composed by measures of image coarseness, contrast and directionality [10] .
Structure: Konvolution discriminates between low level structures in an image, and is designed to recognize horizontal, vertical and diagonal edges at several scales [11] .
Thumbnail: This is a feature created from the pixel intensity values of a scaled down image. Here we use a size of 40 by 30 resulting in a dense vector of length 1,200.
RETRIEVAL METHODS
In the single-image-query model, a database of images is searched to find images similar to the given query image. In a multi-image-query model, more than one query examples are given; the system aims to find images similar to the positive examples. In this papaer we use the vector space model for single-image queries and k-nearest neighbours with additional negative examples for multi-image queries.
Vector Space Model (VSM). The images are represented as vectors in a multi-dimensional feature space and then ranked according to their distances to the query vector.
k-Nearest Neighbours (k-NN) [11, 6] . We use a variation of the distance-weighted k-Nearest Neighbours approach. Positive examples are supplied as the queries, and negative examples are selected from the training set excluding the categories that any positive query image belongs to. Test images are then ranked according to their dissimilarity to these examples according to
where P and N are the sets of positive and negative examples, from the k nearest neighbours of the test image respectively. dist(i, neg) is the distance between the test image i and the negative example neg; dist(i, pos) is the distance between i and the positive example pos. A value of k = 40 is used for our experiments.
EXPERIMENTS
We conducted a comprehensive empirical performance study, using both VSM based single-image queries and k-NN based multi-image queries, on three databases including Corel, Getty and Trecvid2003.
Data Sets
Corel. We use a subset of Corel dataset, which was created by Pickering and Rüger [11] . It consists of 6192 images, belonging to 63 categories. We randomly split the collection into 25% training data and 75% test data. For single image queries, we use every image in the training set as a query. Multi-image queries are conducted for each category with the number of positive examples varying from 1 to 6; 100 negative examples are selected from the training set per query. As there are 63 categories we generate 378 multi-image queries for each dissimilarity measure and feature space combination.
Getty. We use a subset of Getty dataset, which was created by Yavlinsky and Rüger [12] . We randomly split the dataset into 2,560 training and 5,000 test images. We use each image in the training set as a query. The groundtruth is generated by considering the images in the test set, that share at least one common keyword (the same 184 keywords as in [12] ) with a query as relevant to the query. For the k-nearest neighbours method we use each image in the training set as a query; 100 negative images are selected per query. There are 2560 multi-image queries for each dissimilarity measure and feature space combination. ranges from 1 to 3; 100 negative images are selected per query. There are 75 multi-image queries for each dissimilarity measure and feature space combination. We expect a lower mean average precision on this dataset, owing to the large size of the collection and the difficulty of the queries.
Experimental Results and Analysis
We compute mean average precision (MAP), which has been extensively used by the Text REtrieval Conference (TREC) community [14] as the performance measure.
Results on the three datasets are listed in Table 2 -4. The MAP for single-image and multi-image queries are shown, respectively, at the left hand side and right hand side of each cell.
We observe that for each feature space the effects of different dissimilarity measures follow a similar trend on different datasets. In general, the Squared Chord, Fractional (p=0.5), χ 2 and Cityblock usually get a better performance than the other measures. For each feature space and dissimilarity measures, we list the top five MAP values for all the three datasets in Table 1 . We recommend them for future use.
CONCLUSION
A comprehensive study has been conducted for 16 dissimilarity measures on seven typical feature spaces with both single and multi image queries on three collections including the real-world image collection TRECVID2003.
We have shown that Squared Chord, Fractional (p = 0.5), χ 2 and Cityblock usually get a better performance than the widely used Euclidean distance. For each feature space we recommend dissimilarity measures that give the top five mean average precision values on all the three collections, for two scenarios separately. The findings from this investigation can be a foundation for developing more effective contentbased image retrieval systems. Surprisingly, Squared Chord distance shows superior performance with almost all feature spaces, but it should be noted that it can only deal with features with non-negative components. Vision, vol. 7, pp. 11-32, 1991 .
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